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Abstract

Relevancefeedbak hasbeenan indispensable&eomponent
for multimediaretrieval systemsln this paper we present
anadaptivepatterndiscorerymethodwhich addressesel-
evancefeedbak by interactively discovering meaningful
patternsof relevantobjects.To facilitate patterndiscovery,
we r stpresenta dynamicfeature extractionmethodwhich
aimsto alleviate the curse of dimensionalityby extracting
a featue subspaceausing balancedinformation gain. In
the featue subspacewe train an online pattern classi -
cation methodcalled adaptiverandomforeststo classify
multimediaobjectsas relevantor irrelevant. Our adaptive
randomforestsadaptsthetraditional classi cation method
known as randomforestsfor relevancefeedbak. It im-
provesthe efciency of pattern discovery by choosingthe
most-informativesampledor onlinelearning Extensivesx-
perimentsare carried outona Corel image set(with 31,438
images)to evaluatethe performanceof our methodascom-
paredagainstthe state-of-the-arapproaces.

1 Intr oduction

In multimediaretrieval, the necessityto integraterelevance
feedbackstemsfrom thefollowing reasons:
Thesubjectve natureof informationretrieval. Thatis,
differentusershave differentopinionsaboutwhethera
returnedobjectis relevantor irrelevant.
Content-basedhultimediadescriptorswhich arenor
mally high-dimensionafeaturevectors,areunableto
capturecomplex queryconceptavell.
To addresgheseissues,relevancefeedbackhasbeenin-
troducedto include usersinto multimediaretrieval, where
usersare allowed to shav their preferenceby labelingre-
trieval resultsasrelevantor irrelevant. Using userlabeled
objectsastrainingsamplesthesystemiteratively adaptghe
successie retrieval resultsto the users queryconcept.

To capturethe users subjectve query concept,it is
inevitable to perform online learning in multimedia re-
trieval. Hence, most existing methodsaddressrelevance
feedbackasanonlinelearningproblem,althoughmary re-
searchefforts [16] have also beendevotedto challengeit

in an ofine manner To perform online learning, mary

researcheraddresghe relevancefeedbackusing machine
learningand/orpatternrecognitionmethods.For example,
someresearcheremploy the biaseddiscriminantanalysis
[19], while othersapply AdaBoostalgorithm[14], or sup-
portvectormaching15]. However, to well facilitatetheap-
plicationof machindearningandpatternrecognitionmeth-
odsto relevancefeedbackthefollowing critical issueshave

to beaddressedppropriately:

The Curse of Dimensionality. Multimedia feature
vectorsare often of high dimensions.In high dimen-
sionalfeaturespacesmostmachinelearningmethods
canonly achieve goodperformancevith largeamount
of trainingsamples.

Multimodal distribution of relevant objects For

comple queries,the relevant objectsare distributed
multimodally(i.e., nonlinearly)in thefeaturespace.

To simplify the above problems,someapproache$l2,
17] assumea unimodal-Gaussiadistribution for relevant
objects,sothey only performoptimally in unimodal/linear
cases.On the otherhand,someothermethodscanhandle
multimodality by using discriminatve classi ers (suchas
supportvectormachine[15]). But, with the limited num-
berof trainingsamplegrom relevancefeedbackiraditional
classi ers, such as supportvector machineand decision
trees[11], cannot yield a strongclassi er unlessthe user
canprovide moretrainingsamplegasin [15]).

To learn with small training samplesfrom relevance
feedback,Tieu et al. [14] proposedto boostimage re-
trieval with AdaBoos{8]. Unfortunatelyit is computation-
ally intractableto boostmultiple discriminatie classi ers
(suchasdecisiontrees)online. Hence,they boostmulti-
ple Gaussian-model-basadeak classi ers, eachof which
computesGaussiamodelto t relevantandirrelevantim-
ageson onefeature!. Whenall the featuresaretaken into
account ADA still assumes unimodal-Gaussiadistribu-
tion for eitherclassof images.

In this paper we presentan adaptve patterndiscor-
ery method (for relevancefeedback),which aimsto im-
prove the performanceof multimediaretrieval by discov-
ering meaningfulpatternsof relevant objects. To facilitate

1A featuremeansanelemenif thefeaturevectorhere.



patterndiscovery, we rst presentadynamicfeatuie extrac-

tion methodto alleviate the curseof dimensionality During

online learning,our methodselectsa featuresubspaceis-
ing balancednformationgain [6]. The adwantagesf our

dynamicfeature extraction are: it not only removesnoises
from the featurespace put alsoimprovesthe ef ciency of

thelearningmachine.

In the featuresubspacewe train a patternclassi cation
methodknown asrandomforests[3] to classifymultimedia
objects(asrelevantor irrelevant). As a nonparametriand
nonlinearclassi cationalgorithm,randomforestscanhan-
dlethemultimodalityof multimediaobjects.However, even
in thefeaturesubspacadt is still computationallyntractable
to train aregularrandomforestsonline. To improve the ef-

ciency of randomforests,we presentanactive samplese-
lectionmethod which selectgshemost-informatve samples
for onlinelearning. By combiningrandomforestswith ac-
tive sampleselectionwe proposeanonline patternclassi -
cationmethodtermedadaptve randomforests,which runs
2 to 3 timesfasterthanthe regular randomforests,while
achiezing comparabl@recision/recalhgainstthelatter Ex-
tensie experimentson a Corelimageset(with 31,438im-
ages)demonstratehat our methodoutperformsthe state-
of-the-artapproache$10, 14] by at least22% on average
precisionandrecall.

The restof this paperis organizedasfollows. We rst
coin someusefulnotationandbrie y introducetherandom
forestsalgorithmin Section2. Our adaptve patterndiscor-
ery methodis thenpresentedh Section3. Empiricalresults
aregivenin Sectiond. Finally, we concludein Section5.

2 Random Forests

In this section,we introducesomeuseful notationandthe
randomforestsalgorithm.

2.1 Useful Notation

As rst, we representthe feature spaceas F =

ffq;::fm g, whereM isthedimensionof F. Wethende-
notethe multimediadatabasdy db = foq;:::; 0, g, where
| is the size of db. To representeach multimedia ob-
ject o 2 db, we use a realalued vector (i.e., point)
6 = [0:1;:500m 1T, wheree is aninstancen thefeature
spaceF. Similarly, the query g is representedby vector
& = [on;:;qu]". To calculatethe distancebetweenob-
jecto; andqueryq, we usethe Euclideandistanceof their
featurevectors.

Fromthe original featurespacef, our dynamicfeatue
extractionaimsto learna projection : F 7! F |, where
F F isaM dimensionalsubspacef F. With pro-
jection , we canprojectary objecte; 2 dbinto F , with
6 = (&)and () 2F .

During interactve multimediaretrieval, we obtain the
training setS = f(s1;v1)::(Sn;vn)g from relevance
feedbackwhereN is the sizeof S. In thetraining setS,
eachtrainingsample(s,; vn) 2 S is alabeledobjectrepre-
sentedoy S, = [Sn:1;:5Snem 1T, Wherev, 2 f0; 1gis its
classvalue(0/1 meansrrelevant/releant). We thendenote
the setf relevant/irrelevanttraining samplesasR=U, with
S = R U. UsingthetrainingsetS, we train anadaptive
randomforesth to classifydatabasebjectsinto oneof the
two classesrelevantor irrelevant.

2.2 Random ForestsAlgorithm

In this section,we brie y introducerandomforests[3],
which is a methodfor growing a compositeclassi er from
multiple treeclassi ers. To obtainthe compositeclassi er,
it combinesbagging[2] with randomfeatureselection[3]
and achieves favorable performanceover the state-of-the-
artapproachegsuchasbaggingandAdaBoost8]).

Thetreeclassi er trainedin randomforestsis the clas-
si cation and regressiontree (CART) [4]. At eachnode,
CART searcheghroughall featurego nd thebestsplit for
allocatingtraining datato two childrennodes. If the cur
rentnodeonly containstraining dataof onespeci c class,
CART malesit aleaf node. This leaf nodethenassignsll
testdatafalling into it to that class. All testinstancesare
rundown thetreeto gettheir predictedclasses.

As acollectionof treeclassi ers,therandomforesth =
fhij(e; j);j = 1;::Jgtrainsits j th treeclassi er h; with
abootstrag?2, 7] sampleS; S andarandomvector ;,
whereJ is the total numberof treeclassi ersin h. The
bootstrapsampleS; is obtainedby randomly resampling
the original training set S with replacemenfrom S, while
therandomvector ; is generatedindependenof the past
randomvectors i,..., j 1 butwith the samedistribution.
Whengrowing h;, the split on eachnodeis chosenasthe
bestonefrom M © randomlyselectedeatures.As pointed
outby Breiman[3], arandomforestis insensit\'ﬁat_oM %and
performsoptimally (in general)whenM® = "~ M, where
M is the dirgensionsof the featurespaceF . So,random
forestsruns’ M timesfasterthanbaggingand AdaBoost
for combiningtreeclassi ers.

To classifyinput objecte, randomforesth letsits mem-
ber classi ersvote for the mostpopularclass,whereeach
classi er castsa unit vote. Breiman[3] provedthata ran-
dom forest, as more treesare added,doesnot over t and
only produces limited valueof generalizatiorerrors.

3 Adaptive Pattern Discovery

In this section,we presentour adaptivepatterndiscovery
method,which consistsof dynamicfeatureextraction,ac-
tive sampleselectionandonline patternclassi cation.



3.1 Dynamic Feature Extraction

Thehigh dimensionalityof multimediafeaturespacess of-
ten hindrancefor relevancefeedback:it not only degrades
theef ciency of thelearningmachineput alsoimpedeghe
applicationof mary patternrecognitionmethodsdueto the
curse of dimensionality[9]. To alleviate the curse of di-
mensionality someresearchergxtract a low-dimensional
subspaceising PCA (principle componenianalysis)[13],
while others[14] employ the featureselectiontechniqueto
selectanoptimal subspacérom the original featurespace.

In this section,we presenta dynamicfeature extraction
methodusingbalancednformationgain[6], whichinitiates
from informationtheoryandmachinelearning. To present
our method,we rst de ne theentopy[11] of training set
S asfollows:

E(S)= p log;p p log,p )

wherep =p isthepercentagef relevant/irrelevanttrain-
ing samplesin S. According to information theory the
largerthe E (§), the morenumberof bits is requiredto en-
codeS. Let SUbeapartitionofS, theinformationgain
[11] of partition  S; is thengivenby:

] 1 X
G( S)=E(S) =

iSi JSIE(Si) (2

1 |
In the light of Occams razor[11], the partition maximizes
theabove informationgain shouldbe chosensinceit leads
tothemostconciserepresentationf S. Despiteits success-
ful applicationdn text classi cation[18], informationgain
hasthe dravback of not placing ary penaltyon the arity
of partitions,so it favors partitionswith excessiely large
arity. To balancethe biasof informationgain, we usethe
following balancednformationgain [6]:
U
Bg(] Si)= 7G(| L5)
00,

; ©))

U
where isthearityof S.
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Figure1: Several usefulconceptdor computingbalanced
informationgain.

So far we have reducedthe featureextraction problem
to selectingfeatureswith maximumbalancedinformation
gain. For eachfeature,we computeits balancedinforma-
tion gainasfollows[11, 6]:

We rst sortall samplesn ascendingrder andsetthe
meanvaluesof adjacentsampleswith differentclassi ca-
tion aspotentialcut points[11, 6] of the partition. On the

featuret-1 cutpointscreatet continuousntervals(seerFig-
ure 1), which comprisea t-ary partition of S, sincethese
intervals containt non-overlappedsubsetof S. In the be-
ginning,all trainingsampledelongto the singleinterval of
a 1-ary partition. To obtainthe t-ary partition, we thense-
lect oneintenal of the (t-1)-ary partitionto be partitioned
into 2 subintenals. This is doneby greedily choosingthe
cut point which maximizesthe balancednformation gain
at eachstep. Suppose is the maximumarity desired,we
setthe balancedinformationgain of currentfeatureto the
maximumvalueachiezed by the partitionsfrom 2to -ary.
After the above computation,our methodoutputsfea-
tureswith the top M largestbalancednformation gain,
whereM is an empirical threshold. The output of fea-
ture extractionis representedby anM -elementsequence
Z =1l z1< 1< 2Zn < 1< Zm M g, where
eachelementz,, 2 Z speci esanindividual coordinateof
theelementgfrom the original point 6;) thatwill appeain
the projectiong, = (&). The computationakostT (€)
of our featureextraction methodis dominatedby the sort
operationsowehave T(e) = O(M N logN).

3.2 Active SampleSelection

In the optimalfeaturesubspaceye train arandomforestto
classify multimediaobjects. However, during multimedia
retrieval, it is computationallyintractableto train a regular
randomforestonline. To addresghis issue,we presentan
activesampleselectiormethodto improve theef ciency of
randomforests. Beforeintroducingour approachwe rst

analyzethe computationalcost of randomforests,which
is dominatedby trainingits memberclassi ers (CART). If

eachCART is grown to a uniform depthD (i.e.,to 2° leaf
nodes)the computationatostof randomforesth is [4, 3]:

T(h)/ J N° (D+1) logN?® 4)

wherelJ isthenumberof treeclassi ersandN Cis thesizeof

thebootstrapsamplefor eachtreeclassi er. SinceT (h) in-

creasesuperlinearly with N ©, we canreduceT (h) by en-
suringN®  Ng, whereNg is athreshold.However, in the
regular randomforests,N © always (approximately)equals
0:63N, becausehesizeof abootstragsamples about63%
of thatof theoriginal sampleset[7].

For online learning,bootstrapacksthe e xibility to re-
ducethe size of eachbootstrapsampleas necessary To
addresghis issue,we presentan active sampleselection
method,which actively selectsno more than Ng training
sampledor eachtreeclassi er. To achieve this, we have to
discardsometraining samplesrom the bootstrapsample.
Olviously, it is favorableto keepall the most-informative
trainingsamplesandto discardsomeless-informativenes.
In thetrainingsetS, themost-informativesamplesregiven
asfollows:



Relevant samples In relevancefeedbackthe number
of relevantsampleds often muchsmallerthanthat of
irrelevant ones, so every relevant sampleis precious
and/orinformative

Centroids of irr elevant samples In thelight of pat-
tern recognition[9], the centroidsof irrelevant clus-
tersaredependableepresentatiesfor irrelevantsam-
ples/patterns.

According to above discussion,we needto clusterir-
relevanttrainingsampledo nd the most-informativeones
from them. To clusterirrelevantsampleswe employ anin-
crementatlusteringmethodermeddoublingalgorithm[5],
whichtakesthe maximumnumberof clustersasinput. As a
centroid-preservingpproachthe doublingalgorithmguar
anteeghat the centroidsof resultingclustersare members
of irrelevant samples. Moreover, it also provides proven
performanceyuarante®n the quality of resultingclusters.

S,=RUT, Rootstrap s

R e
S=RulU :
Clustering
Uv——*U,
Random Selection
Ugy=U-U,——* 5§,

Figure2: An illustrationof our active sampleselection.
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Figure2 demonstratetheprinciplesof ouractive sample

selectiormethod which canbe summarizedsfollows:
Incrementallyclusternew irrelevant samplesin each
feedbaclkiterationandaddthe resultingcentroidsinto
the most-informativerrelevantsetU.
Get the most-informativesamplesetS; = R Ug,
whereR is therelevanttraining set.
Gettheless-informativesamplesetUg = U Ue.

To obtainthetrainingsetS; (for thej th classi er h; ), we
createa bootstrapsampleS; .. from S, and
randomlychooseNg jSj.cj samplegrom Uy to form
the randomsampleset%;d .

Finally, we useS; = Sjc Sj.q asthe training setfor

h; . In comparisorwith bootstrappur active sampleselec-

tion methoddistinguishedbetweenmost-informativerain-

ing samplesandless-informativeones.To reducethe num-
ber of training samplespur methodselectsasmary most-
informativetraining samplesasbootstrapdoes,but intelli-

gentlydiscardssomeless-informativeones.

The computationalcost T(s) of our active samplese-
lectionis dominatedy the clusteringoperation.Hence we
haveT(s) = O(N log ) [5], whereN isthenumberof
new irrelevantsamplesn eachiterationand is the maxi-
mumnumberof clusters.

By combining the active sample selectionwith ran-
dom forests, we develop an online pattern classi cation
methodcalled adaptiverandomforests Given the opti-
mal featuresubspace= and the projection : F 7!
F (cf. Section3.1), our adaptve randomforesth =

fhi( (8); j);]
follows:

1;:::J g classi es databasenbjectsas

P
1 if sz1 hj ( (e)) %,

h (e) = 0 otherwise.

®)
In Formulab, eachtreeh; outputsO or 1 asthe classvalue
of the input object, so it castsa unit votein h . h then
classi estheinput objectinto the mostpopularclass.

3.3 Adaptive Pattern Discovery

During multimediaretrieval, we train an adaptve random
foresth to classifymultimediaobjects,anduseclassi ed-
relevant/irrelevantto denoteobjects(or setof objects)that
areclassi ed asrelevant/irrelevant. Fromtime to time, the
adaptve randomforestmay outputlessthank classi ed-
relevantobjects,wherek is the numberof objectsreturned
to the user To addresshis issue,we de ne therelevance
probability asfollows:

Py
=2 hi( (9)
—y

P (1je) is the numberof tree classi ers outpute asrele-
vant over the total numberof classi ers. The larger the
P(1je), the morecon dent it is to outputobjecte asrel-
evant. So, if lessthank objectsareclassi ed asrelevant,
our methodreturnssomeclassi ed-irrelevant objectswith
thelargestP (1jo) values.

Whenappliedto relevancefeedback,our adaptivepat-
terndiscovery methodis summarizedsfollows.

For eachquery g, our methodruns an initial nearest
neighborsearchandreturnsthe k nearesneighborsof g to
theuser It thenasksthe userto provide theinitial training
samplesetS. With S, our methodextractsthe subspac&
andtheprojection :F 7! F .InF it trainsanadaptve
randomforesth . After that, our approachprojectsevery
objectinto F andclassi esit usingh . Eachobjectclas-
si ed asrelevantis addedo theclassi ed-releantset . In
case] j < k,we nd k | jclassied-irrelesant objects
with the largestrelevanceprobability andaddtheminto
From , ourmethodreturnsthek nearesheighborsof rele-
vantcentroidto theuser Basedonthelatestretrieval result,
theusercanprovide moretraining samplesandthe system
canstarta new learningiterationaccordingly

An alternate schemefor the abose adaptve pattern
discovery is to ultimately neglect the query and to rank
databasebjectsusingtherelevanceprobability (de nedin
Formula6). This schemas suitablefor classi cationappli-
cationswith sufcient training samples.However, it is un-
likely to succeedn relevancefeedbackfor which we have
to train the classi er with small numberof samples- es-
pecially in the initial iterations,we may have only a few
relevanttrainingsamples.

P(1je) = (6)



4 Empirical Results

4.1 Experimental Setup

The datasetusedin our experimentsis a Corel imageset
with 31,438images.To evaluateretrieval performancewe
choosed4 semanticatagyories(suchasrose,butter y, tiger,

eagle,penguinandfalls, etc.) with re ned groundtruth.

We employ all the 5,172imagesfrom thesecateyoriesas
queries.For eachquery theretrieval is executedon thethe
whole databaséwith 31,438images).Precisionandrecall

areusedto evaluatetheretrieval performancePrecisionis

thenumberof retrievedrelevantimagesover thetotal num-
berof retrievedimagesandrecallis thenumberof retrieved
relevantimagesover the total numberof relevantimagesin

the databaseTo calculateprecisionandrecall, only those
retrieved imagesfrom the samesemanticcategyory asthe
query are countedasrelevant. The averageprecisionand
recall of all queriesareusedasthe overall performance.

In ourexperimentseachimageis representebly thefol-
lowing veimagefeaturesthe rst oneis a64-bincolorco-
herencevectorin theHSV color space Thesecondneis a
9-bin color momentsxtractedfrom the L*a*b color space.
Thethird oneis a 10-binwavelet-basedexturefeature[12].
The fourth oneis a 64-bin edgecoherencenistogram[1].
The fth oneis a 32-bin Fourier shapedescriptor[]. We
normalizefeaturevaluesinto therange[-1, 1] andconcate-
nateall imagefeaturednto a 179-binfeaturevector

The numberof nearesneighborsreturned(thatis, k) is
often calledscope Sinceretrieval performancealsovaries
with scopewe conductedexperimentson scopeof 20and
80, respectiely. For comparisonwe provide the perfor
manceof the regular randomforests(RRF), supportvec-
tor machine(SVM) [10] andthe AdaBoost-basednethod
(ADA) [14] underthe sameexperimentalconditions. All
ourexperimentsarerunonaSUN Ultra 80 with a450MHZ
CPUand1GB memory

Basedon the presentednethod,we have implementeda
content-basednageretrieval systemcalledPicQuest Fig-
ure 3 demonstratethe userinterfaceof our system.

4.2 Thresholds

Tablel: Precisiong%) achiezedby 30,60 and120trees.

We demonstrat@éow to decideappropriatevaluesfor the
treenumber] andsamplesetsizeNy in this section.Since

Figure3: Userinterfaceof our system.

the computationakostof the randomforestincreasesin-
earlywith the numberof treesJ, we empirically minimize
J, while maintainingthe performanceloseto optimal. Ta-
ble 1 demonstratethe precisionachiezedby randomforests
on the scopeof 20 whenJ= 30, 60 and 120. Obviously,
a randomforestwith 60 treesachievesthe nearly-optimal
performanceit performsalmostasgoodasarandomforest
with substantiallymoretrees(e.g., 120 trees),and notice-
ably outperformsa randomforestwith 30 trees.So, we set
J to 60in all thefollowing experiments.

To testthe performanceof our dynamicfeature extrac-
tion method,we performexperimentsvhenthe dimension
of the subspacdi.e., M ) equals179,120and60, which
correspondo employ all features60% of all featuresand
30% of them. To distinguishthesethree cases,we de-
note them by ARF-179D, ARF-120D and ARF-60D, re-
spectvely. For a speci c value of M , we adjustNg to
guaranteghat our adaptve randomforests(ARF) runsas
efciently asthe state-of-the-arapproachegsuchasADA
[14]). Hence Ny is setto thevaluesgivenin Table2.

Table2: Valueof Ng in differencecases.

4.3 PerformanceEvaluation

In thefollowing discussionwe neglectrecall on the scope
of 20, becaus€on smallerscopesyecallis not aseffective
as precisionfor comparingdifferent approaches.For in-
stancejn our experimentsthe maximumachiezablerecall
on the scopeof 20 is about16:7%(= 20=120), sincethe
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candraw thefollowing conclusions:
RRF is too computationallyintensie for relevance
feedback.On the scopeof 80, the echotime of RRF
cangoashighas18secondsIn comparisorwith ARF
methodsRRFruns2 to 3 timesslowerthantheformer,

Table3: Performancef ARF-120Dand ARF-60D on the but only improvesthe precisionandrecall slightly by

1Gth iteration,whereP/R denotegprecision/recall. 1 3%
Among the threecomparedARF methods ARF-60D

is the most cost-efective one. On all scopes,it ei-
ther achieves as good precisionand recall as ARF-

averagesizeof all semanticcateyoriesis about120. In this 120D/ARF-179Ddo, or improvestheprecisionandre-

case_thedifferencepn r_ecall_of comparednethodgdoesnot call overthelatterby 1 2%. As to ef ciency, it runs

preciselyre ect their disparityon performance. aboutl5 20%fasterthanARF-120DandARF-179D
In our experiments,we run 10 feedbackiterationsfor in mostcases.

eachquery Figure 4 presentsthe performanceof RRFK ARF methodgdramaticallyoutperformboth ADA and

ARF-179D,ARF-60D, ADA and SVM for eachiteration. SVM on retrieval performance. ARF-60D improves

Table 3 compareghe performanceof ARF-60D and ARF- the precision/recallover ADA by 22 30% As to

120Dfor the 1Gth iteration. FromFigure4 andTable3, we theefciency, ARF-60Drunsasef ciently asADA on



thescopeof 80, while improving theef ciency against
ADA by 20%on the scopeof 20.

SVM can not achieve good performancewith small
training samples. On the scopeof 20, the precision
achiered by SVM are severely inferior to thoseat-
tainedby ADA. Only with moretrainingsamplegrom
the scopeof 80, SVM achieves comparablepreci-
sion/recallagainstADA.

During onlinelearning,ourdynamicfeatureextraction
is very successfuin extracting the optimal features.
By cooperatingwith our active sampleselectionap-
proach,it canremove up to 70% of featureswith no
morethan3% degradationon precisionandrecall.

Experimentalresultspresentedso far demonstratehat
our methodachiezesremarkablémprovementon precision
andrecallover ADA andSVM. By combiningmultiple tree
classi ers,our methodcan nd multiple nonlinearclusters
of relevantobjects,while ADA only performsoptimally in
unimodal-Gaussianases.On the otherhand,our method
cantrain a strongclassi er from smalltraining samplesso
it dramaticallyoutperformstraditional classi cation meth-
ods,suchasSVM.

Figure 5 presentsthe precision-recallcurves of ARF-
60D, ADA andSVM. It demonstratethe impactof sam-
ple sizeontheretrieval performancef comparednethods.
We canseefrom this gure thatboth ARF-60D and SVM
achiere noticeablegain in performanceon larger scope.
With moretrainingsamplefrom scope80, both ARF-60D
and SVM increasethe probability of learning the multi-
modal distributions of multimedia objects. On the other
hand, ADA, whichassumesnimodal-Gaussiadistribution
for bothrelevantobjectsandirrelevantones,doesnotful |l
ohviousimprovementin performancen largerscope.

5 Conclusion

In this paper we presentedan adaptve patterndiscovery
method,which aimsto iteratively discover the distribution
patternsof relevant objectsusing relevancefeedback. To
facilitate patterndiscovery, we rst presenteda dynamic
featule extraction methodto alleviate the curseof dimen-
sionality for multimediaretrieval. During online learning,
our dynamicfeatureextraction selectsa featuresubspace
using balancednformationgain. In the featuresubspace,
we train an online patternclassi cation approachtermed
adaptve randomforeststo classifymultimediaobjects.Our
adaptve randomforestsadaptsa compositeclassi cation
methodknown asrandomforestsfor relevancefeedbackTo
improve the ef ciency of randomforests,it emplo/s anac-
tive sampleselectionrmethodto selectthe most-informative
sampledor onlinelearning.

Extensve experimentalresultson a Corel image set
(with 31,438images)indicatedthatour methodruns2 to 3

timesfasterthanthe regular randomforests,while achiev-
ing comparablerecisionandrecallagainstthelater. More-
over, our approachimprovesthe precisionandrecall by at
least22% over ADA andSVM. As to ef ciency, it runsas
efciently asADA, but sometimedasterthanthelatter.
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